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ABSTRACT

This paper extends upon Jennifer Hunt’s research on “Why do women leave science and
engineering?”, that contributes to existing literature that overlooks underrepresented minorities
level of commitment to STEM fields based on their STEM educational backgrounds and additional
contributing factors that relates to women engineer’s leaving their felid to another felid that does
not have any relation to their STEM degree. The following independent factors are the
respondents’ gender, reasons for leaving the felid of major, how much does their highest degree
relate to their current principle/ primary job, parents’ level of education, current citizenship status,
level of highest degrees obtained and salary survey data impact on exit rates of STEM identifying
URMs. This is done by running multiple linear regression statistical analysis models by creating
dummy variables for underrepresented ethnic/ racial minority grouped all together and isolated
each URMs’ group dependent variable along with the contributing factors as my independent
variables. In order, to figure out which factors are heavily correlated to the exit rates of URMs
departing from STEM fields. In addition to learning more about the reasons behind the increasing
exit rates of STEM identifying URMs, I will be discussing the shortcomings of using the 2015
National College Graduate Survey as my data and how the survey respondents’ level of exposure
to STEM education from their primary school years suggests that the respondent is more likely to
stay within a STEM felid that collates with their highest STEM degree than someone who has
rarely been exposure to STEM education from youth.
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INTRODUCTION

Students form their science and engineering ‘identities’ while they’re in primary school.
Unfortunately, poorly-funded public school districts lack the resources to properly introduce
students identified as underrepresented minorities (URMs) such as Black/African-Americans,
Asian-Americans, Latinx/Hispanics, Native Americans and Pacific Islanders in order to form their
own STEM (Science, Technology, Engineering & Mathematics) identities to construct ‘selfefficacy’ that contributes to the success of achieving the highest level of STEM degrees (Estrada
et al., 2018).
Self-efficacy is one of the major factors that defines, the students’ academic and career
development (Charleston et al., 2016). Students display such self-efficacy when they have built a
higher level of confidence from multiple computing quantitative problems over time and chooses
a STEM career path. Students who identify as URMs are less likely to have connections to others
within a STEM field and are more likely to identify as a first-generation (first one out of their
family’ generation to graduate from a four-year college within America) college student (Hill,
2017). While 65% of children born within Black/African-American and Latino communities live
in the majority of low-income households within America; many experience growing up with a
weak STEM foundation (low-level exposure to math & science while enrolled in primary school);
due to their socio-economic circumstances (low public school budgets & lack of high-tech
equipment) (Sophia et al., 2013; Shaw, 2015; Hill 2017). These socio-economic obstacles make it
harder for URMs to find their STEM ‘identities’ while transiting from primary school in to
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undergraduate programs; therefore, discouraging them from pursuing a STEM career later on in
life.
Furthermore, the underrepresentation of minorities within science and engineering fields
excludes their own cultural perspective and background knowledge from the narrative influencing
our current era of digital innovation (Hill, 2017). For instance, in 2016, Snapchat was highlighted
on the media for their lack of ethnic diversity amongst their software engineering team; after
displaying a facial filter that was considered ‘racially insensitive’ on their platform upsetting many
of their users (Hope, 2016). After the media backlash, Snap.inc deleted the ‘racially insensitive’
filter off their platform, as a result, the company made it their mission to recruit more software
engineers from underrepresented backgrounds the following year.
Likewise, Apple’s latest iPhone X had a major privacy concern involving their Face ID
technology. When a Chinese woman, identified only by her surname Yan, was offered two refunds
from the company for a new iPhone X, as the AI-powered facial recognition technology was unable
to tell her and her other Chinese colleague apart (Zhao, 2017). The product was not properly tested
on multiple facial structures of other ethnicities’ nor on various types of skin tones instead only on
white masks, resulting in many errors (Zhao, 2017). This emphasizes how important it is to have
a diversity of ethnic perspectives contributing to STEM products being shipped out worldwide to
a diverse body of individuals.
Although there is a good amount of existing literature addressing the huge gender gap
within STEM fields, the URM gap is even larger accompanied with limited amounts of literature.
The existing literature on URMs leaving science and engineering has highlighted about 75% of
U.S. scientists and engineers are White; followed by 4% of Latino men and 3% of Black/AfricanAmerican men holding similar positions within STEM (Hill, 2017; Shaw, 2015). Unfortunately,
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it’s worse for individuals who identify as a woman of color in a male dominated STEM field such
as science and engineering. With only about 2% Black/African-American and 2% of Latino
women that work in science and engineering fields compared to 18% of White women (Hill,
2017; Shaw, 2015).
The existing literature on URMs leaving science and engineering, has gaps within their
data analysis failing to discuss the intersection between the themes of both gender and ethnic/racial
inequality without overshadowing either theme, while addressing the contributing socio-economic
factors that are impacting URMs. In addition, the data fails to include accessible data on how socioeconomic class in regards to geographical surroundings negatively impact URMs within STEM
fields, only including a bunch of statistical comparisons to individuals from non-underrepresented
backgrounds that barely faces ethnic/racial discrimination, rarely grows up from poverty, nor lacks
a STEM ‘identity’ (Charleston et al., 2016; Weinberger, 2017; Tran, 2013; Johnson, 2016; Hunt
2016).
Instead of approaching the topic of URMs as a labor economical issue concentrated on
ethnic/racial contributing factors, other researchers have approached the topic of URMs obstacles
faced within STEM fields by lumping ethnic/racial diversity together with the gender gap
controversy. Eventually, making ethnic/racial contributing factors appear insignificant when
heavily overshadowed by the topic of gender (Hunt, 2016; Guynn, 2017; Wright et al., 2017). This
undersells the importance’s of ethnic/racial diversity needed within the STEM workforce, when
URMs are in general the lowest within STEM fields.
Therefore, the purpose of this paper is to expand upon the existing literature that overlooks
URMs and discuss the negative impacts it has on each of their communities as a whole. By
performing a quantitative statistical analysis of STEM salaries, employment, and gender
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intersected with ethnicities of underrepresented minority groups contributes to the literature of the
gender gap in order to better understand Hunt’s (2016) reasons for why women in STEM leave the
workforce. Considering the barriers that individuals within African-American, Asian-American,
and Latinx communities encounter in science & engineering fields, depending on the amount
STEM education exposure each racial/ethnic group were given from primary school, their parents’
education backgrounds, and social discrimination.
Specifically, I’m using the 2015 National Survey of College Graduates (NSCG) to upload
to STATA for regressions, creating dummy variables for individuals that identify as a minority as
Y = 1 and N = 0. Similar, dummy variable for gender identification as F (female) = 1 and M = 0.
First, I analyzed the questions given on the 2015 NSCG survey and ran the corresponding STATA
variables into statistical summaries and tables to properly display the information results present.
Then, I draft out my empirical strategy for methodology in to a simple linear probability equation.
Next, I run multiple linear regression models to analyzing the data, while highlighting the
disadvantages of omitted data. Finally, I analyzed the regressions and concluded results of the
findings along with the shortcomings involved discussed within my conclusion before the
takeaways.
Comprehensively, I found out that many of my regression models were insignificant,
because of omitted information that was out of my control. In general, the summary statistics
helped with many suggestive assumptions about the models and clarified misinterpreted results
from regressions due to missing information within the datasets. I found that URMs from first
generation households are less likely to work within a STEM field. While URMs in STEM from
a house with some college education stick it out longer until they leave their STEM field of study
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because of the lack of pay/ promotion opportunities; similar to why women leave science and
engineering as well.
LITERATURE REVIEW
To better understand Hunt’s explanations for why women in STEM leave the workforce,
we look to quantitative statistical analysis of URMs in the gender gap literature. This analysis takes
into account the barriers that women in Black/African-American, Asian-American, and
Latinx/Hispanic communities encounter, in order to further investigate why women in STEM have
difficulty staying within science & engineering fields. Careers and higher education in STEM build
upon well-developed math and science foundational lessons from primary school years. Carlone
and Johnson (2007) recognize that African-Americans and other racial/ethnic minority groups
approach education differently, due to social, cultural, and historical policies that shape the current
American education system. For instance, Bowie University Professor Jennifer Johnson studies
the correlation between African-American students that have been consistently exposed to STEM
summer bridge programs and their level of engagement with related STEM activities. She finds
that the bridge programs build the student’s “science identity” and lead to a long time commitment
to STEM disciplines over time (Johnson, 2016).
Raymond Padilla’s “Local Model of Minority Student Success” (1997) supports Johnson’s
argument about the positive impact of STEM summer bridge programs in maintaining minority
high school students’ “science identities” (Carlone and Johnson 2007; Charleston, LaVar and Raul
Leon. 2016; Padilla et al., 1997). Awareness amongst educators and administrators of the
socioeconomic challenges URM students face becomes a factor that helps meet the needs of the
students by creating a support structure that encourages them to do well in school.
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The literature is limited in regards to women of color within the STEM workplace because
researchers do not have access to data records to analyze the topic in greater depth. Guynn (2017)
mentions that the Kapor study is one of the first to include a nationally representative sample of
all groups (Klein, 2017). Klein points out that the issue of insufficient minority hiring is not with
“tech headhunters,” but rather the fact that URMs are already set up against complex set of biases
and barriers that have followed them since preschool and into the workplace. Furthermore, these
factors have kept women of color from gaining access to some of the nation’s highest paying and
most sought-after jobs in the economics sectors (Jan, 2017).
How does one change the game within a rigged playing field, where URMs are blindsided
by factors beyond their control from the moment they arrive at school until they reach adulthood?
The answer is mentorship and/or enrichment programs that URMs can relate to and academic
guidance. However, even if mentorship and guidance help minorities make it to the STEM
workforce, they cannot prevent STEM companies from committing unethical acts to negatively
impact income behind closed doors. In 2018, four female engineers from diverse backgrounds at
Google served the tech giant with a gender pay lawsuit, after finding out that the company paid
female engineers less than their male colleagues who performed the same tasks and held the same
positions (O'Brien, 2018). Unfortunately, this is not uncommon. Hunt (2016) examines the U.S.
gender employment gap for women working in science and engineering fields by comparing the
level of female exit rates to that in other male-dominated fields such as economics and finance.
Hunt’s survey inquires about the factors that play a primary or secondary role influencing the
underrepresentation of women in both engineering and natural sciences. She finds that women
have an easier time working within the natural science fields than working within engineering
fields. She draws this conclusion from her results which display an overrepresentation of women
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within the natural sciences. Surprisingly, she finds that having children and having dissatisfaction
for one’s workplace are statistically insignificant. In other words, neither scenario is a primary
factor causing the rapid exit rates; instead, her survey outcome suggests that 50% of the reasoning
behind the exit rates and gender gap is due to the lack of promotional opportunities and
dissatisfaction of pay for women in engineering roles. Hunt’s work also highlights and analyzes
the literature on both STEM and non-STEM fields including the economics and finance private
sectors. She uses the 2003 and 2010 National Survey of College Graduates (NSCG) to learn that
the 6.5% exit rate of women driven out of engineering does not differ much compared to other
male-dominated non-STEM fields. This contributes to Hunt’s research on the STEM gender gap
originating from backgrounds where girls are neither praise nor encouraged to choose STEM fields
at a young age in comparison to their male counterparts.
Although there is a steep drop-off rate of STEM majors in college, the rate is even more
significant for women of color. Johnson (2016) highlights this in her findings that 48% of all
students who enter college as STEM majors, 20.2% of them dropout completely and 28.1% switch
to non-STEM majors. These gaps are even larger when considering race. Johnson’s research
suggests that out of the 36.1% of African-American students who begin college as STEM majors,
29.3% of them drop out, compared to the 28.1% of White students who enter college as STEM
majors, 19.8% of them dropout (Chen, 2013). Tsui (2007) also highlights that the STEM summer
bridge programs target the URM students’ academics, but there is limited information on whether
these programs provide the racial/cultural identity needs of the URMs students to maintain their
“science identities.”
Nowadays, women are far less likely to be able to obtain STEM jobs in comparison to men,
and Black or Latina women have less chances when living within a geographically-dense STEM
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labor market, although having an advanced degree improves the odds (Wright, Richard, Mark
Ellis, and Matthew Townley 2017; Weinberger, C. J. 2017). Jan uses the 2014 data collected by
the U.S. Equal Employment Opportunity Commission to investigate the underrepresented
racial/ethnic minority gap within major tech companies. For instance, Blacks and Latinos each
make up just 5.3% of professionals within the U.S. tech industry, while Whites make up 68% and
Asians make up 19.5% (Jan 2017).
To address this inequity, there is Code2040, a diversity initiative program that began six
years ago which partners with Silicon Valley to connect tech companies with diverse talent from
underrepresented backgrounds. However, these programs are still too new to make an observable
impact in diversifying the technology workforce. This is due to the recruiters not identifying
capable college students, despite increasing diversity in Computer Science majors. URM college
students recruited do not have sufficient skill sets for them to perform in such demanding work
environments, and the blame originates from the quality of the students’ primary school math and
science education. Racial diversity often takes a back seat to gender diversity within tech (Jan,
2017).
Furthermore, Asian Americans are not being promoted to upper management at the same
rate compared to their non-Asian counterparts, despite being an overrepresented racial/ethnic
group employed within science and engineering sectors (Tang 1997). Tran (2013) found data from
the National Science Foundation for Women, Minorities and Persons with Disabilities in Science
and Engineering illustrating that only 12% of Asian scientists and engineers were managers and
that only 9% were engineering managers. Also, Zeng (2010) found that managers who identify as
a women of color are more underrepresented out of the majority of all types of applicants and most
likely only able to make it to a supervisor role (Tran 2013; Mundy 2017).
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Reports suggest Whites are 1.5 times more likely than Asians to rise to an executive rank
within the tech workforce (Jan 2017). Tran examines cultural barriers that are preventing AsianAmerican social mobility in obtaining leadership roles. In particular, Phan (2009) and Xin (2004)
mention that Asian Americans often lack the assertiveness, managerial skills and self-efficacy.
This combines with communication barriers and social discrimination making them unlikely
candidates for upper management promotions. (Tran 2013; Flowers III, Alonzo M. and Rosa
Banda 2016.). Hunt also researched how such factors similar to social discrimination negatively
impact both women and minorities in STEM fields.
The lack of representation is also seen in the Latinx communities. Camacho and Lord
(2013) use the National Science Foundation (NSF) 2009 Survey of American Freshman and find
that 36% of Latinas and 41% of Latinos major within “science and engineering” fields and
graduate within six years at similar rates as Whites behind Asians. Camacho and Lord (2013)
highlight in their findings that the retention rate in STEM fields is not an issue amongst the Latino
community; instead technical recruiters fail to reach out to the Latinx youth in the first place. In
other words, the current generation of Latinx are not generally interested in majoring in
engineering, due to lack of STEM exposure within their communities. However, once hired, they
do not disproportionately leave the workforce. Luckily, there are new strategies being developed
to attract this rapidly growing youth group to someday help close the diversity gap within STEM.
Although Latinx students have the second lowest enrollment rate behind Native Americans when
it comes to majoring in Engineering, they have a better chance of graduating than both Blacks and
Native Americans combined (Camacho and Lord, 2013).
Overall, it is important to expand beyond the existing literature that overlooks cultural and
the lack of formed science identities from poorly-funded primary school education as one of the
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contributing factors causing URMs to depart from the STEM fields. We must also look to the
social discrimination and lack of labor mobility that racial/ethnic groups in STEM may face at
work. A broad spectrum of the literature must be leveraged when discussing women of color, who
get the worst treatment of all in the STEM workplace. Providing hope for the future, there are
recent diversity initiative strategies put in place to better accommodate the next generation of
diverse underrepresented talent.

DATA AND SUMMARY STATISTICS
Hunt used the 2003 and 2010 waves of the National Survey of College Graduates (NSCG).
“The 2003 NSCG is the baseline survey for the decades of the 2000s. However, in 2010 the Census
discontinued the use of the long form, so the American Community Survey (ACS) was used as a
sampling frame for the 2010 NSCG and 2013 NSCG surveys (US Census Bureau, 2013).” I used,
the 2015 NSCG survey containing a random sample of eligible respondents of non-institutional
individuals under the age of 76 who have a bachelor’s or higher degree and were living within the
United States or its territories during the survey reference week, the week of February 2015 until
July 2015 (NSF, 2013). Containing about 83,000 respondents from the American Community
Survey and 60,000 respondents from the 2010 National Survey of Recent College Graduates
(NSRCG) and the 2010 NSCG. The total of the sample is approximately 143,000 cases, displaying
a frequency of 37,517 observations to the public (US Census Bureau, 2013) shown on page 36 of
the Appendix.
Hunt (2016) defines a worker as having left if he or she stated that his or her current work
is not related to the field of study of his or her highest degree and I follow the same approach
shown on page 37 of the Appendix. The variables were annotated within the survey; correlating
with each question the respondent had to answer. The 2015 NSCG survey asked, “Did your duties
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on this job require the technical expertise of a bachelor’s degree or higher in? Choose out of the
following, engineering, computer science, math or natural sciences[MGRNAT]/ the social
sciences[MGRSOC]/ some other field [MGROTH] (e.g., health, business, or education)?”
Followed by “To what extent was your work on your principal job related to your highest degree?
Was it ...closely related/ somewhat related [OCEDRLP]?” If the respondent answered “Not
related,” he or she was asked, “Did these factors influence your decision to work in an area outside
the field of your highest degree?” are given a list of factors to check: (1) pay/promotion
opportunities[NRPAY]; (2) working conditions[NRCON]; (3) job location[NRLOC]; (4) change
in career/professional interests[NRCHG]; (5) family-related reasons[NRFAM]; (6) job in highest
degree field not available[NROCNA] and (7) other reason[NROT]. The respondent was then
asked, “Which two factors in the previous question were the most important reasons for working
in an area outside the field of your highest degree?” The respondent then must list [NRREA] the
most important reason as #1 and [NRSEC] the second most important reason as #2, shown on
page 37 of the Appendix.
Similarly, Hunt (2006) defines a respondent leaving a job if he or she either works in an
unrelated job to their highest degree or unemployed. The National Science Foundation defines the
science and engineering fields within the 2015 NSCG as a job requiring technical expertise of a
bachelor’s degree or higher[BSDGRI], with the exception of social science-classified as nonscience and engineering (US Census Bureau, 2013). The advantages of the data is the survey has
identification whom have left their field of interest, with a survey dataset listing which variable
represents each question answer in a “logic gate” format: logical ‘L’ (leave blank and skip to the
next question) will appear within the dataset and represents when the respondents answer ‘N’ (No)
to a question that skips the following question that’s linked to the ‘Y’ (Yes) option. Therefore,
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leaving the skipped questions empty replaced with a letter ‘L’ standing for missing/ omitted data.
In addition, the gender [GENDER], racial demographic and salary breakdown helps with
observing if there’s any pay disparities, shown on page 38 of the Appendix. For instance,
respondents are asked, “Are you Hispanic[HISPANIC], Latino, or of Spanish origin?” If not then
the respondent is asked, “What is your race? Mark one or more: Native[NATIVE]/
Pacific[PACIFIC]/ Asian[ASIAN]/ Black[BLACK]/ White[WHITE].” The survey also asks the
individual if they identify as a minority [MINRTY]. This variable helps group up all of the
minority groups, since they are each too small to cross-analyze with all of the other variables. On
the other hand, it’s very important to take into account that the minority dummy variable
[MINORITYDUM] does not group Asian-Americans as one of the URM groups; which benefits
this project. Since, Asian-Americans are not an URM group within STEM fields in general. NonURM groups in STEM fields consist of Whites and Asian-Americans the most in employment
scientific/ technological sectors.
Next, question is “what is the highest level of education completed by your parents or
guardians[EDMOM] & [EDDAD]? By marking one of the following options with (1) less than
high school completed/ (2) high school diploma / (3) some college (2 years’ degree included)/ (4)
Bachelor's degree (BS, BA) / (5) Master's degrees (MS, MA, MBA)/ (6) Professional degree (JD,
LLB, MD, DDS, DVM)/ (7) Doctorate (PhD, DSc, EdD)/ (8) Not applicable.” This part of the data
can help me analyze if having a parent who has obtained a Bachelor degree or higher impacts the
outcome of the respondents’ current job relating to science and engineering, shown on pages 3840 of the Appendix.
Another question to take advantage of is “As of the week of February 1, 2015, what was
your basic annual salary [SALARY] on your principal job, before deductions?” By filling the
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boxes with their estimated earned income, excluding bonuses, overtime, etc. This information
shows the breakdown of salaries amongst minorities and non-minorities currently within STEM
fields. Minority [MINRTY] had to grouped all into one variable; due to the small amounts of data
available to make a clear comparison and compile on excel starting at 20,000 to 300,000 as the
annual salary ranges vary. The disadvantages of the data are the lack of information on Native
Americans and Pacific Islanders in non-existent. Majority of the “American Indian or Alaska
Native”, “Native Hawaiian or Other Pacific Islanders” and “more than one race” were estimated
to be less than 500 of respondents. “The data was suppressed for confidentiality or either
suppressed for reliability; their coefficient of variation exceeds publication standards (US Census
Bureau, 2013).”
Furthermore, knowing the geographical location would be helpful to observe whether they
reside or not reside within a heavily STEM dense region played any role of the respondents’ choice
of employment. Despite, the birthplace and current state of residences of respondents being
omitted from the data and replaced with reference identification numbers as place holders within
STATA. In addition, the STATA data sets did not publicly display any data on PART-A:
Employment Situation of the survey referring to the respondents’ current unemployment situation.
Unfortunately, geographical sections of demographic informational backgrounds of the
respondents are omitted from the STATA datasets by the National Science Foundation, because
of confidentiality of survey respondents’ privacy of disclosed information. The only information
provided by the datasets, are whether the respondent is a US. Citizen or not. Instead, the datasets
mostly contain variables associated to the employed respondents’ Principal Job (The respondents’
primary job held during the week of February 1, 2015).
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EMPIRICAL STRATEGY MODEL & RESULTS
Following the same approach Hunt (2016) took when discussing her methodology and
equation model. I estimate a basic specification using a linear probability regression model,
weighted with survey weighted means, for the NSCG survey pool year 2015 in equation (1)
:

where i indexes individuals and t indexes the year, S is a dummy that represents STEM
(Engineering, computer science, math or the natural sciences) as the field of study of highest
degree that requires the technical expertise, M is a dummy for minority group combined into one
dummy variable, and Y is a dummy for an exit from STEM or from employment. Excess URMs
existing from STEM would be reflected in positive values for B3. To elaborate, the dependent
variable is identifying as a minority and having a STEM degree are replaced with dummy
variables. The coefficient on the minority dummy will stay constant for the year 2015, when the
survey was conducted. Y represents the dummy variable for minorities leaving STEM fields
(defined as either working in a field unrelated to the respondent’s education background of their
highest STEM degree or unemployed) by using the 2015 NSCG survey respondent’s inputs.
Furthermore, two more dummies are created for self-identifying minorities with a bachelor's
degree in STEM while holding a job that’s unrelated to their field, followed by a separate dummy
for unemployment estimated by using the 2015 NSCG survey data.
By using the 2015 NSCG survey data, I can analyze whether if the URM respondents left
the STEM field correlates with any of the contributing factors listed within the survey. For
instances, I broke down the summary statistics during my analysis from STATA and noticed a
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trend of minorities leaving due to the lack of pay raises and promotion opportunities compiled all
into a pie chart shown on page 37 of the Appendix. This makes it simpler to interpret, since the
survey respondents only have one choice out of the seven factors to list as their #1 contributing
factor within the survey. The covariates X within equation (1) represents the dummy variables
associated to the 2015 NSCG survey data for the amount of degrees obtained from the higher
education; the dummy variables for estimated salaries; dummy variables for Black/AfricanAmerican, Latinx/Hispanic, Asian-American, Native American and Pacific Islander; dummy
variables for survey respondents’ mother’s and father’s level of education obtained.
Unlike Hunt, I do not control for the importance the respondent attached to the nine
attributes in the initial selection into different field, because as she states ideally the job preferences
would be measured before the respondent graduated (Hunt, 2016). Therefore, suggests that it
would be insignificant to begin with, because it would be difficult to obtain the other independent
variables contributing to entering the field compared to measuring the exit rate with the amount of
limited data on the starting date and starting salary before promotions/raises are included. Thus,
for the similar reason why spouse and children cannot be controlled within these regressions,
because they fall under marriage and fertility decisions being made; happen no matter what
circumstance the respondent is currently in.
In addition, the survey data controlled two dummy variables each for the most and second
most impactful factors causing respondents to exit out of their field of study. These dummy
variables help me control the dependent variables; while analyzing which factors negatively
impact minorities within STEM fields. I do not control the respondent’s parent/guardian’
educational background, because the survey does not specify the subject of discipline their parent/
guardian had majored/ concentrated in. On the contrary, the correlation between the respondents’
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parent/ guardian’s educational background ((1) less than high school, (2) high school diploma, (3)
some college, (4) bachelor, (5) master, (6) professional, (7) doctorate and (8) not applicable) and
remains in the field of study may be comprehensive, hence I examine it in additional regressions
shown on pages 39 - 40 of the Appendix.
Considering, I already know the eight levels of education for each parent/ guardian (Mom
& Dad) for each survey respondent that identifies as an URM in STEM compared to an URM not
in STEM. The data suggests that an URM with a parent/ guardian with at least some college
education or college degree shows that the respondent is more likely to stay within their field of
study than an URM from a first generation (first in their family to go to college) household. For
example, STEM occupations may attract minorities from a household where their parents may
have some level of a college education related to STEM than other minorities from a first
generation household may not feel the same way when faced with the rigorous STEM learning
curves while developing their scientific/ technical skill set all at the same time.
Similarly, for the reasons Hunt (2016) does not control fertility (or marriage), are the same
reasons why I do not control the following variables: respondents’ employer’s size of their
company (number of employees total), spouse’s educational background, spouse’s employment
background, respondents’ age and the number of the respondents’ children living within their
household at the time of the survey within regression models. These decisions are made regardless
of the respondents’ employers’ company size, spouse’s educational background, spouse’s field of
employment, respondents’ age and number of children being born within their household.
Meanwhile, the correlation between non-U. S citizens that identities as an URM and
remains in the field of STEM may contribute to the literature examined through additional multiregressions. In general, the 2015 NSCG survey statistical data does not inform me when each
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respondents have left their field in relations to when they are getting married, when are they giving
birth or when they have entered the United States for employment. Those scenarios are sometimes
unpredictable to measure; while it may influence the respondent to exist STEM. The amount of
URM identifying foreign-born survey respondents are very limited and STATA omitted the date
at which the international respondents entered the United States. I could follow Hunt’s (2016)
approach in approximating lifetime fertility by doing the same for foreign-born identifying
minorities working in STEM with the corresponding degree of study.
Furthermore, I can estimate the time period of entry into the United States with a dummy
variable, Uit for work or educational purposes leading to a job in STEM before leaving the field
of study. I explore URMs’ gender and other variables in relation to US-citizenship versus foreign
born. Observing closely whether their duties on the job correlates to their STEM field of study and
identifies themselves as an URM foreign-born by adding Uit (the dependent variable that replaces
Y to represent foreign-born STEM workers who identifies as an URM), Uit * Mit, Uit * Sit, Uit *
Sit * Mit and Uit * Sit* Mit to Equation (1). If the self-identifying minority, non-US citizen is
currently working within a job unrelated to their STEM educational background, could suggest
that foreign-born minorities have it harder when it comes to STEM employment. In consideration,
other outside factors should be taken into account of are the US-immigration laws during the time
of this survey back in 2015 and the number of work visas available during this time period. Lottery
visas are increasingly becoming more limited, therefore more difficult to obtain. Based on the
limited amounts of respondents that fit this background may have a more challenging time
obtaining a STEM job within the United State compared to an US-born URM with the same
credentials shown on page 41 of the Appendix. While analyzing the salaries of respondents from
other STEM fields by breaking down the data into ranges of $5,000 starting at $20,000 to
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$300,000. Based on the data collected, suggests that URMs are heavily underrepresented as a
group when it comes to higher paying salaries within STEM fields shown on page 38 of the
Appendix.
I run the following regressions with salary, the survey respondents’ estimated annual
income without bonuses labeled as it’s dependent variable. Along with various relatable
independent variables to explore any correlations amongst coefficients; in order to filter out any
variable outliers. Regression 1 displayed on page 41 of the Appendix, indicates a weak model with
a R-Square of 0.0351. This linear regression labels salary [SALARY] as it’s Y-dependent variable
against the following X-independent variables: [MGRNATDUM] respondent studied within a
STEM related field, [BSDGN] respondent has a bachelor's degree or higher and
[USCITIZENDUM] respondent is a US Citizen. All of the regression’ coefficients are positive
with a STEM bachelor degree, while being an US Citizen correlates well with salary. On the other
hand, whenever I tried to swap out the US citizen variable for the Non-US Citizen
[NONCITIZENDUM] variable. STATA reports to me that the non-citizen variable has been
omitted, because of collinearity.
Regression 2 displayed on page 42 of the Appendix, indicates a weak model with a RSquare of 0.0395. This linear regression labels salary [SALARY] as it’s Y-dependent variable
against the following X-independent variables: [MGRNATDUM] respondent studied within a
STEM related field, [BSDGN] respondent has a bachelor's degree or higher, [EDMOM]
respondents’ mother’s level of educational background and [MINORITYDUM] respondents who
identifies as an URM. There appears to be a weak correlation of the respondents’ mother’s
educational background coefficient at -1779.097 as well as the minority dummy variable
coefficient at -11491.61 decreases within this model. Resulting a low-likelihood of the
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respondents’ mother’s educational background and identifying as an URM a low chance of there
being an insignificant relationship with salary. Additionally, this model suggests STEM degrees
improves the chances in obtaining a higher salary with a high coefficient of 31108.63. Followed
by another positive trend of obtaining a bachelor degree or higher impacts the respondent by a
coefficient of 8475.533 in relation to salary.
Next, I run the following regressions with the minority dummy variable
[MINORITYDUM], the survey respondents’ who identifies as an URM labeled as it’s dependent
variable. Along with various relatable independent variables to explore any correlations amongst
coefficients; in order to filter out any variable outliers through experimentation. Regressions 3
displayed on page 43 of the Appendix, indicates a very weak model with a R-Square of 0.0079.
This linear regression labels URM grouped into one variable [MINORITYDUM] as it’s Ydependent variable against the following X-independent variables: [USCITIZENDUM]
respondent is an US Citizen and [MGRNATDUM] respondent studied within a STEM related
field as well. The R-squared is very low within this regression model, resulting in a negative
correlation between STEM and URMs. There must have been too few of independent variables to
make this correlation work.
Similar, to what happened in Regression 4 displayed on page 43 of the Appendix, indicates
an extremely weak model with a R-Square of 0.0043. This linear regression labels URMs grouped
into one variable [MINORITYDUM] as it’s Y-dependent variable against the following Xindependent variables: [NONCITIZENDUM] respondent identifies as a Non-US Citizen and
[MGRNATDUM] respondent studied within a STEM related field as well. The R-squared is
incredibly low within this regression model; due to Non-US citizen variable being omitted from
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the regression, because of collinearity and resulted in a negative correlation between STEM and
URMs as well. I labelled them both as insignificant models.
Likewise, Regressions 5 displayed on page 42 of the Appendix, indicates a weak model
with a R-Square of 0.0138. This linear regression labels URM grouped into one variable
[MINORITYDUM] as it’s Y-dependent variable against the following X-independent variables:
[FEMALEDUM] respondent is a female and [USCITIZENDUM] respondent is an US Citizen
as well. Within this linear regression model, the female dummy variable’ coefficient was the
highest level of positive correlation to the dependent value of the minority dummy at 0.0852935,
followed by the US Citizen dummy variable of 0.0671169. The P > | t | values are all zeroes so far,
therefore shows a level of a weak significant relationship between the variables.
Henceforth, I run the following regressions with each ethnic/racial group individually each
as a dummy labeled as independent variables for the following dependent variables; such as the
respondents’ annual salary before bonus and their father’s level of education. Regression 6
displayed on page 44 of the Appendix, indicates as the weakest model with a R-Square of 0.0007
and the majority of t values were insignificant. This linear regression labels salary [SALARY] as
it’s Y-dependent variable against the following X-independent variables: White [WHITEDUM],
Pacific [PACIFICDUM], Native [NATIVEDUM], Hispanic [HISPANICDUM], Black
[BLACKDUM] and Asian [ASIANDUM].
Although, Regression 7 displayed on page 44 of the Appendix, indicates that the R-square
model at 0.0079 is still considered very weak, yet this regression displays correlation between the
dependent variable of the respondents’ [EDDAD] father’s educational background positively
correlates with the following individual ethnic/racial estimated coefficients; White at (0.5275),
Pacific Islander (0.2909), Black (0.2812), Asian (0.6272). This suggests that Non-minorities
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within STEM; such as Whites and Asian-Americans are likely to have a father with a college
education than URM groups in STEM. Furthermore, Native-Americans (-0.086) and Latinx/
Hispanics (-0.290) are least likely to have a father from a higher educational background out of
the URM groups. Shown by the negative coefficients’ correlation decreased when regressed with
the respondents’ father’s level of education, resulting in insignificance. Especially, with NativeAmericans with a large P > | t | value of 0.259. Anything larger than .1 is considered insignificant
for a t value.
Regression 8 & 9 displayed on page 45 of the Appendix, both indicates strong models
with a R-Square of 0.8340 for Regression 8 and 0.8772 for Regression 9. I generated a new variable
called [NEWVAR] to contain both of the STEM identifying dummy [MGRNATDUM]
respondent studied within a STEM related field, and the

minority identifying dummy

[MINORITYDUM] the survey respondents’ who identifies as an URM, grouped into one variable
for respondents who identifies as both as regression 8’ Y-dependent variable against the
following

most Underrepresented minority groups as X-independent dummy variables:

[BLACKDUM] respondents who identify as Black/ American, [HISPANICDUM] respondents
who identify as Latinx/ Hispanic, [NATIVEDUM] respondents who identify as Native-American
descent and [FEMALEDUM] respondent is a female. Regression 8 displays all positive
coefficients for each independent variable within this model, although the P > | t | maybe a bit high.
While, Regression 9 has the same grouped Y-dependent variable [NEWVAR] that represents
respondents who identify as both a URM in STEM, against the following X-independent variables:
White

[WHITEDUM],

Pacific

[PACIFICDUM],

Native

[NATIVEDUM],

[HISPANICDUM], Black [BLACKDUM] and Asian [ASIANDUM].

Hispanic

Judging from the

correlating positive coefficient Pacific Islander at 1.0862, is most likely to identify as an URM in
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STEM followed by Black/African-American at 1.07008, Latinx/ Hispanic at .86811. Whereas,
Asian-Americans at .24969 were one of the ethnic/racial groups to identify as minority followed
by Whites at .24155 from this linear regression model. On the other hand, the T-statistics do vary
heavily.
The final linear regression models with (Y) [NEWVAR] containing two variables
dependent variables combined to easily identify URMs who work in STEM regress with the
following contributing independent variables such as the categories regression breakdowns of
[NRREA]

represents

as

the

primary_exit_factor,

[NRSEC]

represents

as

the

secondary_existing_factor, [OCEDRLP] represents as the degree_relation_to_job, [EDDAD]
represents as the father’s level of education dad_edu and [EDMOM] represents as the mother’s
level of education mom_edu displayed throughout five robust linear regression models. However,
[NEWVAR] could not compile within STATA with these new independent ‘categorized’
variables, so I swapped that variable out with [MGRNATDUM] respondent studied within a
STEM related field as well to become the (Y) dependent value for (X) independent
[MINORITYDUM] the survey respondents’ who identifies as an URM within the last of the
linear regression to improve the R-square value by double along with other related independent
‘categorized’(They have multiple categories per one variable each in a drop-down list fashion as
numerical legends with corresponding coefficients) variables. The goal of this procedure is to find
out which X-independent factors that show any significant correlation to survey respondents who
identify themselves as an URM working with a STEM field shown on page 50 of the Appendix.
On average the regression models were weak according to their R-square values leaning towards
closer to zero rather than 1. Regression 10 [NRREA] primary_exit_factor displayed on page 46
of the Appendix, indicates the primary factor contributing to the exit rate of URMs in STEM are
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the lack of pay promotion followed by Job in field of choice NOT available. This model is
insignificant, because of one omitted variable from the category of the primary contributing
factors, number 1 was missing from the [NRREA] list.
Regression 11 [NRSEC] secondary_existing_factor displayed on page 46 of the
Appendix, includes all seven categories, unlike the previous [NRREA] regression that omitted the
seventh “write in” other response may have made most of the coefficient and P > | t | value
insignificant. [ (1) Lack of pay/ promotion opportunities, (2) Working conditions, (3) Job location,
(4) Change in career or professional interests, (5) Family-related reasons, (6) Job Not available (7)
Some other “write-in” response.] The [NRSEC] secondary contributing factors that are negatively
impacting URMs in STEM to leave the STEM workforce was positively correlated with (1) the
lack of pay/ promotion (0.1524) coefficient, followed by (4) Change in Career or Professional
interest (0.1362) coefficient supported by significant P > | t | values.
Regression 12 [OCEDRLP] degree_relation_to_job displayed on page 47 of the
Appendix, has a higher R-squared value at (0.2761) than the previous two regression models
[NRREA & NRSEC], however their coefficient of the Sub-category (2) that represents the URMs
in STEM survey respondents’ works in a STEM field related to their highest (STEM) degree and
Sub-category (3) represents the respondent works in a job NOT related to their highest STEM
degree. Based on just the STATA statistical summaries done earlier, I was able to filter out nonURMs and non-STEM majors/ workers to analyze the 66.7% of STEM URM workers that work
closely related to their STEM degree of study. The coefficients are both negative and are
insignificant; therefore, I relied on summary data statistics to support this claim.
Regression 13 [EDDAD] dad_edu displayed on page 47 of the Appendix, has a very weak
R-squared model and shows a lot of insignificance, because of the omitted Sub-category (1) called
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“less than high school education” was not present within my linear regressions. I relied on the data
summary statistics tabulation to filter out the URMs in STEM survey respondents’ parental
background influence their life-long commitment to STEM. The following charts are displayed on
page 39 - 40 of the Appendix, illustrates the total amount of survey responses from each URM in
STEM marked their parent’s or guardian's’ level of education background. These charts are a
comparison of URMs in STEM verses URMs in non-STEM fields on how they compare to one
another in their choice of study and career path. The charts also suggest that URMs in STEM stays
in their field longer, if they have a father/ guardian with at least a Bachelor degree or even some
colleges improve the URMs chances in sticking with STEM.
Finally, Regression 14 [EDMOM] mom_edu displayed on page 48 of the Appendix,
presents only seven out of the eight sub-categories of the parent’s or guardian's’ level of education
background omitted Sub-category (1) called “less than high school education” from the list. From
observing this model and other previous models and reviewed over the summary statistics the
mother’s education is not significant enough.

CONCLUSION
Overall, America’s answer to closing the URM and gender gap within the STEM
workforce can help fill the abundance amounts of open vacancies of STEM-related jobs that take
twice as long to full-fill with qualified STEM applicants. By improving the STEM education
funding for low-income public school districts (Shaw, 2015). Therefore, this can help increase the
amount of URMs within STEM programs in primary schools to develop a more concrete
foundation to form their own STEM ‘identities’. Since, it’s not the student’s fault when placed in
an institution failing to provide the standard quality of education needed to be successful within
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America’ STEM workforce, while trying to maneuver through an oppressive institutional structure
all at once. In addition, work on better diversity initiatives for recruiting diverse talent.
Hunt (2016) mentions within her findings that women leave the STEM field of their study,
because of lack of pay/ promotions and poor work conditions. The URMs in STEM exiting from
their field of study leave, because of lack of pay/ promotions within their workplace, any jobs that
matches their highest level of degree of study is not currently available or they have changed career
interests overtime. The gap is even larger when it comes to women of color, they face both gender
and racial discrimination within the STEM workplace. Statistically, they are the lowest in the tech
job market to be recruited for a STEM jobs, judging from the 2015 NSCG data summary statistics.
Expanding upon this topic on how the URMs from low-socioeconomic background are the most
disadvantage when it comes to public primary school not providing the STEM quality of education
needed to develop their STEM skills, before reaching the age of employment or even before
entering higher educations.
Meanwhile, many of my statistical summary findings correlated when it came to examining
the survey respondent’s responses; their parent’s educational background, annual salary, level of
relativity of current job to field of study, gender, citizenship. On the other hand, only about two of
my linear regression models had a R-Squared equivalent to 0.8, while the rest of the other 12
regressions concluded to be insignificant, because of the inconstancy of omitted information from
the dataset. This was the only dataset current and complete enough to do my paper on. For further
research, I would have to figure out how to overcome the shortcomings I faced as my takeaways
for this project.
For instances, I noticed that running the ethnic/ racial dummies individually as independent
variable against the STEM [MGRNATDUM] field variable were producing very weak,
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insignificant regression models. No matter how much I rearranged the model’s independent
variables around my R-squares kept on ranging from 0.0007 to 0.0077, is no where close to 1.0.
Followed by major inconsistencies within the P > | t | values throughout the majority of my linear
regression robust models. I would double check by re-running the models one by one, but each
individual ethnic/ racial dummy variables resulted in unpredictable negative coefficients on
numerous occasions within regressions.
The salary variable can never run as an independent variable because, STATA would
respond that this variable contains too many variables to regress. That’s why I started off, by
examining for any type of correlation with salary as a dependent variable. However, the pool of
URMs in STEM within this survey is very limited, ethnic/ racial groups such as Asian-Americans
are not accounted for the URM groups within the STEM workforce. I tried to run the new
[NEWVAR] joint variable to regress against the contributing factors, but STATA kept on replying
that there’s no data within that variable all of a sudden once ran against the contributing factors to
the departure of URMs in STEM. Taking into consider, for possible survey bias, the way questions
are phrased and the way the categories where ranged from top to bottom with the 2015 NSCG
Survey. In general, many people do not complete an entire survey and if they skip a question, then
it makes the data header to read. Additional background knowledge of the respondents would have
helped more gained a better understand, such as their parent’s field of study/ employment, the
geographical location of their birth place and when foreign-born URMs entered inside the United
States and for which type of work/ education field of study? In the long-run, I would like to explore
around more with the disability and loan variables and how they contribute to the narrative as well!
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